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Projection Residual Classifier
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(1. Chengdu Inst. of Computer Applications CAS Chengdu 610041 China; 2. School of Sciences Southwest Petroleum Univ. Chengdu 610500 China)
Abstract: A fast algorithm for the classification of high dimensional vectors was proposed. A special nonlinear feature function was used
to reshape training sample sets of multi classes to low dimensional and orthogonal feature sub-spaces. Then the principle components of
each feature sub-space were calculated. By projecting a new coming vector on each feature sub-space the projection residuals was cal—
culated. The new vector was regarded as a sample of the feature sub-space with the smallest residual. This algorithm can distinguish
high dimensional vectors of multi classes by one comparison and has good accuracy. Furthermore manifold learning theory was added
to the feature function to keep the accuracy and greatly reduce the dimensionality of feature sub-spaces.
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Fig.3 Estimation of geodesic distance
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